Motivated by the goal of improving segmentation of challenging liver cases, which always contain weak boundary with neighboring organs and the presence of intrahepatic tumors as well as highly varied appearance between different subjects, a multi-level detection segmentation framework is presented. The Gaussian pseudo-variance based on local patch is utilized to improve the level set segmentation technique, which named as Gaussian pseudo-variance level set (GPV-levelset). Our method considers the liver scale, the spatial texture, and the changes of the energy functional over iterations. Therefore, the image with uneven gray scale and noise images can be processed effectively. We demonstrate the capabilities of the method in the domain of medical imaging for segmenting two public databases Sliver07 and 3Dircadb.
Introduction
Although Computed Tomography (CT) images have been extensively implemented in clinics, accurate liver segmentation from CT images is still a challenging task [1] . In abdominal medical images, there are several neighboring organs which share similar intensities, which lead to low contrast and weak boundary. Liver segmentation based on pixel methods is hard to detect the boundary accurately which may easily leak to neighboring organs. Hence, shape priors are advisable since they can prevent the results deviating from reasonable pattern shape [2] .
One of the most popular shape prior modeling methods is to learn the prior shape information variations from many training samples by statistical shape models (SSM). It can be always integrated into level set [3] based method to improve the accuracy of segmentation. Payel et al. [4] incorporated derivative-free optimization for the level set function to segment prostate on pelvic of computed tomography and magnetic resonance images.
Besides, the initial shape needs to be close to the object of interest due to its local search strategy [5] . Unfortunately, the liver tissue is a kind of soft organs which show highly complex local shape variations. To make the liver segmentation approach more efficient and more robust, Multi-stage liver segmentation framework is proposed. (1) Faster RCNN is employed to improve the accuracy of shape initialization, thus alleviating the mis-segmentation caused by irregular liver shape; (2) An efficient and scalable shape model (GMM-SDF) is proposed to handle the multi-modal distribution of liver result from highly variable shapes. Meanwhile, some local details that are not statistically significant have also been considered faithfully. (3) A hybrid model of level set is proposed to drive the energy function with local and global constraints, which can improve the accuracy of liver segmentation.
Method
The proposed method is a multi-stage segmentation approach which is shown in Figure 1 . First, Faster RCNN extracts the liver patch from the original image, and the red liver area will be separated from the unrelated organs. Next, calculating the GMM-SDF of the liver patch and then the coarse segmentation result can be obtained. The darker the color, the greater the probability that the pixel belongs to the liver region. Finally, the GPV-level set is proposed to evolve the coarse contour to approach the liver boundary accurately. 
Faster RCNN
Faster RCNN is a general object detection algorithm based on deep learning network [6] . Detecting the specific location of the liver is one of the important step for fine segmentation. In detail, we utilize the Faster RCNN to detect the liver. 1500 labeled CT slices of the 3D-IRCADb dataset were trained. The framework is Tensorflow with a learning rate of 0.0005, a momentum of 0.9 and a batch size of 64.
GMM-SDF
Shape modeling. The shape is directly aligned according to the maximum overlap by the signed distance function (SDF). Let 0 I is the reference binary image 0  , where 
where
is a vector of shape coefficients. There is no limitation to  to ensure that the generating shapes is similar to original training shapes.
Matching. Although the liver morphology varies from patient to patient, the intensity of the same tissue is usually uniform in CT scanning. Therefore, the liver distribution can be coarse fitted by one of the Gaussian model in the GMM. Let x is a random variable. The GMM can be defined as
where i
 is weight and
K is the number of components.   N  is the Gaussian probability density function. The Expectation-Maximization (EM) algorithm [7] is used to estimate the parameters   can be obtained.
GPV-level set
In this section, we propose GPV-level set method to convergence boundary since the contour of coarse segmentation is not converged completely.
Px is the probability likelihood estimation of data sample x , where
The edge stop function can be rewritten as
The larger the value of   gx, the faster the curve evolves. The value of   gx decreases and the contour evolve slowly, when the gray of pixel has a large difference from the liver-classified.
GPV-levelset.
To maintain the edge features and enhance the anti-noise ability, we propose Gaussian pseudo-variance level set. The pseudo-variance is the variance value of pixels at the evolutionary edge corresponding to the liver-classified area. We define the PV term by
Where liver P is the probability density function of the evolutionary edge, 
GPV-Level set. For a level set function :
   , the distance regularized level set evolution energy functional ()
where the last term is the constraint of priori shape. ,,     are the coefficients of the energy
The energy function (6) can be approximated minimized by solving following gradient flow:
Experimental Implementation
In the following experiments, the CT data were obtained from two public databases, SLIVER07 and 3D-IRCADb. All databases are provided the ground truth of liver in training dataset, and the in-plane resolution of them is 512×512. The inner-slice pixel spacing varies from 0.54 to 0.87 mm, and the inter-slice space varies are between 0.5 mm and 5.0 mm. We evaluate the accuracy of proposed method quantitatively by volumetric overlap error (VOE), relative volume difference (VD), average symmetric surface distance (AVD), root mean square symmetric surface distance (MSD), and maximum symmetric surface distance (MXD) [9] . If the value of each measure is 0, it corresponds to a prefect exact match with the reference segmentation. Figure 2 presents three segmentation results of our method. Ground truth is displayed in yellow curves. The red curves are the segmenting curves by our. From the left to right, each column corresponds to the original CT slice, liver-patch, initial segmentation, segmentation results and distance map, respectively. From Figure 2 , the proposed method can successfully extract the liver from large intensity (b), and deal the shape variations (a), and handle the ambiguous boundaries (b), capture the long and narrow ravine in liver regions (c). From the distance map, we can see that the overall segmentation results are satisfactory. 
Quantitative Results

Comparison with State-of-the-art Methods
To evaluate the performance of the proposed liver segmentation framework, two experiments have been done to compare it with recently published methods based on the Sliver07 database and 3Dircadb database. The results of each measure represent the mean for the overall datasets. Table 1 shows the quantitative comparative results on SLIVER07 database. For all error comparison metrics, our method achieved much better performance than others. Therefore, the performance of our method performance is comparable to that of doctor which can be deployed for effective liver tissue segmentation. Table 2 shows the quantitative comparative results on 3D-IRCADb database. Specifically, the mean AVD, VOE and MXD of our method are 1.2mm, 5.7% and 22.1mm, respectively. However, the VD of our method (0.6%) is slightly higher than Li's and method (0.07%), which means that our method tends to over-segment the liver tissue. These results indicate that our method is more accurate and more robust than other state-of-the-art methods.
Discussion and Conclusion
In this paper, we proposed a novel framework for liver segmentation to improve level set segmentation technique. The proposed method considers the liver scale, the spatial texture, and the changes of the energy functional in liver patch. Therefore, it is valid to images with uneven gray scale and noise. We demonstrated the capabilities of the method in the domain of medical imaging by segmenting two public databases Sliver07 and 3Dircadb. The experiment results are competitive with state-of-the-art methods.
Although our method has better performance for most CT liver image segmentation, there are still some severe clutter images beyond our consideration due to organ diversity and tumor clutter. In future research, we will committe to seek more accurate characterization. Besides, our method is to segment the 2D CT slice and reconstruct them into 3D which may loss some information. Therefore, we will try to segment CT volumes directly to reduce the loss of spatial information.
